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Abstract
As transport is one of the big sources of carbon dioxide emissions, it is natural to seek for solutions reducing the carbon dioxide
emissions in transport as well. Replacing cars powered by a combustion engine by battery electric vehicles may be one measure to
achieve this goal, at least as long as the electricity consumed by these cars is produced carbon neutral or in a low-carbon manner.
In Germany, the Federal Government aims at a stock of one million electric vehicles in the year 2020. This goal is very ambitious,
since customers are reluctant to buy battery electric cars, probably most of all due to their limited range. A possible solution to the
limited range problem is the use of Plug-in Hybrid Electric Vehicles or Extended Range Electric Vehicles (EREV), combining an
electric battery with a combustion engine or a generator. These solutions overcome the range limitations while at the same time
allowing driving on electric power for the majority of the total mileage.
In this paper, we analyse the eﬀects of an increased use of EREVs and battery electric vehicles using the travel demand model
mobiTopp. For three scenarios with diﬀerent rates of market penetration of electric vehicles, the travel demand and car usage is
simulated over a simulation period of one week. The results show, that for 65 up to 70 percent of the mileage, EREVs can be driven
in battery-only mode, demonstrating the usefulness of the EREV concept and indicating a substantial potential for the reduction
of carbon dioxide emissions. The results, however, also show that with an uncontrolled charging strategy, i. e. every car recharges
immediately after accessing a charging location, the peaks of electricity demand for charging the electric cars occurs when the
general electricity demand is already high. During these periods, additional electricity demand is typically covered by gas-fuelled
power plants, thus using fossil fuels. Therefore, the concept of introducing electric vehicles in order to reduce total carbon dioxide
emissions can only succeed if combined with intelligent charging strategies.
c© 2015 The Authors. Published by Elsevier B.V.
Peer-review under responsibility of the Conference Program Chairs.
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1. Introduction
With the ratiﬁcation of the Kyoto Protocol, various countries committed to reduce their emissions of carbon diox-
ide. In Germany, big eﬀorts have been undertaken to start the transition from fossil fuels to renewable energies as
sources of electricity production. Besides the energy sector, the transport sector is one of the major sources of car-
bon dioxide emissions. From this perspective, it seems logical to tackle next the second big source of carbon dioxide
emissions, the transport sector. Replacing conventional combustion-engine driven cars by electric vehicles seems con-
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sequent, given the eﬀorts in the energy sector. The German Federal Government has set up a big funding programme
to support the diﬀusion of electric vehicles (EV). The funding programme aims at a stock of one million EVs in the
year 2020. Despite this eﬀort, the sales of EVs are still low. It is commonly assumed that range anxiety, i. e. the fear of
not reaching the destination and becoming stranded because of inadequate battery capacity, is hampering the success
of battery electric vehicles (BEV) up to now. This fear is not unreasonable: Using a longitudinal perspective of car
trips made, Weiss et al. 1 show that only a share of 13 % of conventional cars in Germany can be replaced by BEVs
with a typical battery size without a change in behaviour. Another share of 16 % could be replaced assuming minor
restrictions or adaptations to the mobility behaviour of the users. As the electric battery accounts for a substantial
share of the total cost of an electric car, increasing the battery size to a capacity that provides enough range for almost
all trips would raise the costs to a level making the cars unsalable. In consequence, a lot of funding goes into the
development of improved battery technology.
Instead of increasing battery sizes, another solution to overcome the limited range problem is the concept of plug-
in hybrid electric vehicles (PHEV) or extended-range electric vehicles (EREV). Both types of cars supplement the
electric battery by a combustion-engine that is able to support the vehicle with energy, when the battery is exhausted.
As a special feature, EREVs can be customized to the owner’s needs, for example trading a smaller battery for a larger
combustion engine, using optimisation criteria like cost or performance2.
2. Related work
Research on the impact of an increased market penetration of EVs has many facets. One aspect is the identiﬁcation
of potential owners3 and the estimation of the market potential4. Another aspect is how electric vehicles are used,
and a third the energy demand of EVs and its eﬀect on the electrical grid.
Several studies based on empirical data examine the suitability of BEVs for peoples’ travel needs. Pearre et al. 5
analysed GPS data of conventional cars in order to examine the range requirements of electric vehicles assuming that
potential EV drivers do not change their driving patterns. Smith et al. 6 focused on the optimisation of the battery size
for a commuter sedan car. Chlond et al. 7 analysed the use of private cars from a longitudinal perspective combining
data from diﬀerent data sources and concluded that only a small fraction of private cars is suitable to be replaced
by BEVs. Greaves et al. 8 presented an energy consumption model and a method to predict re-charge processes in
addition to their analysis of the suitability of BEVs for individuals’ travel needs based on GPS data. Babrowski et al. 9
estimated the temporal demand proﬁles for electric energy caused by charging of EVs based on travel surveys in
diﬀerent European countries and analysed the impact on the electric grid. Green et al. 10 concluded that combining
travel demand models with power simulation systems would be a helpful option for analysing the impact of PHEVs
on distribution grids.
Galus et al. 11 applied an agent-based travel demand model for examining the energy demand of electric vehicles
for the ﬁrst time. They coupled the transport simulation MATSim with the power system simulation PMPSS. MAT-
Sim simulated the electricity consumption of the EVs and PMPSS modelled the corresponding electricity cost for
the Zurich area. Waraich et al. 12 developed this work further and analysed diﬀerent charging strategies. However,
both approaches mainly consider PHEVs rather than BEVs. Knapen et al. 13 used an activity-based transport model
to analyse the electrical power demand of EVs within the region of Flanders, Belgium. They considered diﬀerent
scenarios regarding the market share and the charging strategies.
In both simulations mentioned above, BEVs where either not captured or were assigned only after the schedule,
including destinations and modes, was completed and there was no conﬂict with the limited range of BEVs. Further-
more, the simulated period was one day. With the integration of EVs in the travel demand model mobiTopp, we are
able to consider the limited range of BEVs in destination and mode choice and simulate travel demand and energy
consumption of EVs over a period of one week.
3. The mobiTopp Model
mobiTopp14 is a microscopic travel demand model, modelling every person, every household, and every car of the
study area as an individual entity. Each person is represented as an agent. An agent is an entity that makes decisions
autonomously, individually, and situation-dependent and interacts with other agents15. In mobiTopp, agents make
decisions for destination choice and mode choice. These decisions are based on discrete choice models. Interactions
between agents occur indirectly through the availability of cars in the household context. When an agent uses a car
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of a household, the car is not available for other household members until the agent returns home. When the last
available car is taken, the mode car driver will be not available for the remaining household members.
mobiTopp’s simulation period is one week. The temporal resolution is one minute; the spatial resolution is based
on zones. mobiTopp has been successfully applied to a study area with more than two million inhabitants and more
than thousand zones16.
mobiTopp consists of two parts, the long-term model and the short-term model. The long-term model comprises
population synthesis, assignment of home zone and zone of workplace, car ownership, and ownership of season ticket
for public transport. The results of the long-term model are considered ﬁxed for the following short-term model. In
the short-term model the agents’ behaviour (activities and trips) is simulated simultaneously and chronologically over
the simulation period.
3.1. The long-term model
The most relevant part of the long-term model is the population synthesis model. Households and persons are
generated for each zone based on the total numbers of households and persons given on the level of zones and on the
distributions of the households’ and persons’ attributes. The corresponding zone is assigned as home zone. Population
synthesis is based on census data and the data of a household travel survey. The population of each zone is generated
by repeated random draws of households and the associated persons from the survey data. The distributions of
households’ and persons’ attributes are taken into account by an appropriate weighting of a household’s probability
to be drawn.
The population synthesis model distinguishes 12 household types, which are the result of a Cartesian product
between the attribute number of persons per household with four levels and the attribute number of cars per household
with three levels. On the person level, the model uses the attributes age group, sex and employment status (fulltime,
part-time, unemployed, student, homemaker, retired). The population synthesis uses a two-stage process similar to
the method described by Mueller and Axhausen 17 . In the ﬁrst stage, an initially equally distributed weight is assigned
to each household. These weights are subsequently adjusted in an iterative process until the weighted distribution of
the households matches the given distribution of the household types and the distribution of the persons weighted by
the corresponding household weight matches the given marginal distributions of the persons’ attributes. In the second
stage, the corresponding number of household for each household type is drawn randomly with replacement from the
weighted distribution of households. An agent is created for each person of the survey household. For each agent, the
corresponding activity program of the household travel survey is assigned, consisting of a sequence of activities with
the attributes purpose, planned start time, and duration.
The place of work or education typically remains stable over a longer period and are therefore modelled in the
long-term model and kept ﬁxed in the short-term model. This implies that in the short-term model, no additional
destination choice is needed for activities of type work or education; the location assigned in the long-term model is
used instead. The assignment of workplace and school place is based on external matrices representing the distribution
of workplaces and school places for the inhabitants of each zone.
The number of cars owned by the households is already deﬁned by the population synthesis model. The car
ownership model determines the segment and the engine type of the car. mobiTopp currently distinguishes three car
segments small, midsize, and large and three engine types conventional, BEV, and EREV. A multinomial logit model
is used to assign the car segment. The car engine is assigned by a model that calculates a probability based on the
match of the sociodemographic characteristics of the agent with the sociodemographic characteristics of car owners
suitable to replace their conventional car by an electric car1.
The public transport season ticket model decides for each agent whether he owns a season ticket or not. The model
is a binary logit model using the agent’s sociodemographic attributes.
3.2. The short-term model
In the short-term model, the travel behaviour of all agents is simulated chronologically. During the simulation
period of one week, the agents perform their assigned activity programs. Each agent typically starts the simulation
performing an at-home activity. When an agent has ﬁnished his current activity, he inspects his activity schedule and
identiﬁes the next activity. For this activity, he performs a destination choice. To reach this destination, he makes a
mode choice out of the set of available modes. Finally, he makes the trip to the chosen destination using the selected
mode. After reaching the destination, he starts performing the next activity.
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at home car available mode before choice set
yes yes – { walking, cycling, public transport, car passenger, car driver }
yes no – { walking, cycling, public transport, car passenger }
no – car driver { car driver }
no – cycling { cycling }
no – walking { walking, public transport, car passenger }
no – public transport { walking, public transport, car passenger }
no – car passenger { walking, public transport, car passenger }
Table 1. Choice set for mode choice in diﬀerent situations.
3.2.1. Destination choice
The destination choice model distinguishes between two types of activities: activities with ﬁxed locations (work,
school, at home) and activities with ﬂexible locations, for example shopping or leisure. For activities with ﬁxed
locations, no destination choice is made in the short-termmodel, since these destinations have already been determined
in the long-term model. For activities with ﬂexible locations, a destination choice is made on the level of zones using
a discrete choice model.
The model used here is based on the idea of a gravity model that does not only take the time and cost to travel to
the destination zone into account, but also the time and cost necessary for the trip to the next ﬁxed destination (e. g. to
the workplace, or back home). The model has the following form:
pi j =
Ai jz
∑N
k=1 Aikz
with Ai jz =
Gjzαz
eβz(ti j+t jn)+γz(ci j+c jn)/I
where i is the zone of current location, pi j is the probability of choosing zone j as destination (given current location
i), Gjz is the opportunities for activity type z in zone j, ti j is the travel time from zone i to zone j, ci j is the travel cost
for travelling from zone i to zone j, n is the next ﬁxed destination (for activities home, work or education), I is the
monthly income and αz, βz, γz are model parameters for activity type z.
3.2.2. Mode choice
mobiTopp simulates the main transportation mode for each trip. Five modes are distinguished: walking, cycling,
public transport, car driver, and car passenger. The actual available choice set depends on the current state of the
agent in terms of decisions taken earlier and partly on the actions of the other members of the same household. The
most important factor is the agent’s current location. In general, if the agent is at home all modes are available
independently of the mode used before. However, the mode car driver is not available if the agent does not hold a
driving licence or the household’s cars are currently all in use. If the agent is not at home, the available choice set
depends essentially on the mode used before. If the previous mode has been car driver or cycling, only the mode used
before is available for the next trip. This approach is based on the idea that a car or a bicycle that has been used at the
start of a tour has to return home eventually. If the agent is not at home and the previous mode is one of the modes
walking, public transport, or car passenger, the choice set for the next trip consists of these modes. The modes car
driver and cycling are not available, since the necessary vehicle is missing. The available choice sets for the diﬀerent
situations are shown in Table 3.2.1.
The choice between the available modes is made by a multinomial logit model. This model is based on the variables
distance, travel time, travel cost, weekday, season ticket ownership, household type, and further sociodemographic
variables.
4. Modelling electric vehicles
4.1. Electric cars
We distinguish three types of cars: conventional vehicles, BEVs and EREVs. A car is modelled as an object with
the attributes ID, current mileage, consumption rate, maximum range, driver, and fuel level (ranging from 0.0 to 1.0).
BEVs have the attribute battery level instead of fuel level and the additional attribute start of charging. EREVs have
both, a fuel level and a battery level. In addition, EREVs allow diﬀerent driving modes: battery-only mode, full power
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mode (battery plus internal combustion engine), and degraded mode (only internal combustion engine, when battery
is exhausted). Therefore, EREVs have diﬀerent consumption rates for the diﬀerent modes.
The driving mode for a trip of an EREV is determined as follows. If the distance to be driven is less than the
remaining battery-only range, the mode battery-only will be used. If the distance is greater than the battery-only
range and less than the full power range, the full power mode will be used. If the distance is greater than the full
power range, the degraded mode will be used for the whole trip. Driving an electric car reduces its battery level. This
reduction is computed by the consumption rate and the distance driven.
4.2. Charging
Charging facilities are currently modelled only at the zone level. Charging stations are not modelled explicitly. It is
only regarded whether charging is possible within a zone or not. For a zone where charging is possible, it is assumed
that there are enough charging stations, so each vehicle can be charged. Charging at home is always possible, assuming
that only people who have the possibility to charge at home own an electric car. For the other activity types it can be
deﬁned at the zone level whether charging is possible. This makes it possible to deﬁne on a mesoscopic level whether
public or private charging stations exist. The availability of private charging stations at the workplace, for example,
can be modelled at the zone level by allowing charging for activities of type work. A car starts charging, when it is
parked in a zone where a charging facility is available, i. e. charging is allowed for this zone and the agents current
activity, and the current battery level is below 0.9. It is scenario-dependent where a car can charge, it can be deﬁned
for each zone and activity type individually whether charging is possible.
4.3. Adaptation of the short-term model
During the simulation stage, the agents make destination choices and mode choices repeatedly. In these choice
situations, the limited range of battery electric cars has to be considered.
For destination choice, the model distinguishes whether the agent is at home or not. If the agent is at home, the
standard destination choice model described in Section 3 is used. If the agent is not at home, and the agent is not a
car driver, the standard destination choice model applies as well. If the agent is not at home, and the agent is a car
driver, the limited range of an electric car has to be considered. To achieve this, the choice set of potential destinations
is restricted to the set reachable within the car’s remaining range, taking into account that car needs to have enough
energy remaining to return home after visiting the destination. In addition, the distance to a ﬁxed destination to be
visited before returning home is considered. This distance is computed by the following equation.
d = dist(xcurrent, xdestination) + dist(xdestination, xnext ﬁxed destination) + dist(xnext ﬁxed destination, xhome) (1)
The ﬁrst term describes the distance from the current location to the potential destination, the second term describes
the distance from the potential destination to the next ﬁxed destination, and the last term describes the distance from
the next ﬁxed destination to the home location. If the next ﬁxed destination is already the home location, then the last
term is zero. We exclude possible destinations if the remaining range is less than d · 1.5. Scaling by the factor 1.5
accounts for possible discretionary activities in the tour and takes into account that people do not like to empty the
battery completely, but try to keep a safety buﬀer instead.
The mode choice described in Section 3 is adjusted as follows. If the agent is at home and the remaining range of
the car is smaller than the distance resulting from Equation 1 and considering the scaling factor of 1.5, the mode car
is removed from the choice set. In the other cases, either the mode car is not in the agent’s choice set or the agent has
no other option than the mode car. If the agent is not at home, and has not travelled to his current location by car, then
the mode car is not available anyway. If the agent is not at home, and has travelled to his current location by car, his
only available mode is car. In this case, the reachability of his next destination has been already taken into account by
the adjustments to the destination choice model.
5. Results
The Greater Stuttgart Region, comprising the city of Stuttgart and the surrounding administrative districts, with
a total population of 2.7 million inhabitants is used as base for the scenarios, in which the model is applied. The
simulation has been run for a base scenario for the year 2025 without electric vehicles as reference case and for
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Fig. 1. Simulated electric power consumption for charging of electric cars.
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Fig. 2. Weekly mileage driven by EREVs by electric mode.
three scenarios of the same year with diﬀerent market penetration rates of electric vehicles. The scenarios are based
on the estimated sales ﬁgures of electric vehicles in Germany for three scenarios using diﬀerent assumptions on the
framework conditions4. The stock of electric vehicles was derived from the estimated sales ﬁgures. The simulation
distinguishes three types of electric vehicles: a BEV type and two diﬀerent EREV types, a cost-oriented type and
a performance-oriented type2. The BEV has a battery capacity of 18 kWh and range of 115 km. The cost-oriented
EREV type has a battery of 9 kWh and a battery-only range of 50 km. The performance-oriented EREV type has
a battery of 19 kWh and a battery-only range of 90 km. Both EREV types allow a full-power range of 300 km.
In Scenario 1 the percentage of BEV is 0.5, the percentage of cost-optimized EREVs is 1.5, and the percentage of
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Fig. 3. Simulated electric power consumption by charging of electric cars compared with overall power consumption in Germany.
performance-optimized EREVs is 3.5. For Scenario 2 the percentages are 0.8 / 1.9 / 5.1; for Scenario 3 the percentages
are 2.0 / 3.1 / 9.3. In Scenario 1 and 2 charging is only possible at home. In Scenario 3 charging at the workplace is
possible as well for all zones.
As results of the simulation runs, car trip ﬁles and car charging ﬁles were obtained. The car trip ﬁles contain the
start time, end time, start zone, end zone, current mileage, and current battery level of the car for every car trip made
during the simulation. The car charging ﬁles contain information about each charging process of a car, i. e. start of
charging, charging duration, location (zone), and energy consumed.
The results in Figure 1 show the electrical power consumption over the week for the three scenarios. In all scenar-
ios, the main peak hour is around 6 p.m. by the time people return home and plug in their EV. As EVs can be charged
at work in Scenario 3, a second peak appears in the morning around 7 a.m.
For examining the potential of EREVs in reducing carbon dioxide emissions, we analysed the driving mode used.
The results in Figure 2 show the weekly mileage of EREVs per driving mode for each scenario. Mostly, EREVs are
driven in battery mode, as the battery ranges of 50 km and 90 km, for the cost-optimized and the performance-oriented
EREV type respectively, cover most of users’ travel needs. The share of driving in battery mode is 65% for Scenario 1
and 66% for Scenario 2. The ability to charge the EREVs at work in Scenario 3 results in a share of 70% driving in
battery mode and in less usage of the full power mode. These ﬁndings show that EREVs have the potential to avoid
greenhouse gas emissions under the assumption that renewable energy is used to fuel the EREVs.
For the assessment of the potential to reduce carbon dioxide, not only the percentage of mileage driven in battery-
only mode is relevant, but also the time of day when EVs charge. Figure 3 shows the temporal proﬁle of the electric
power consumption of EVs and the temporal proﬁle of the overall electric power consumption in Germany for a
whole week. The peak hours of the power consumption proﬁles overlap around 6 p.m., as well as the minimum of
both consumptions around 4 a.m. This shows the need for intelligent charging strategies, so that EVs can be recharged
during oﬀ-peak hours.
6. Discussion
We analysed how EVs can contribute to the goal of reducing carbon dioxide emissions. Since the acceptance and
thus the market potential of BEVs is low, due to the problem of range limitation, the focus of the analyses was on
EREVs, which can be almost used like conventional cars without limiting their users’ mobility needs. The mobiTopp
model has been extended to support diﬀerent types of EVs, namely BEVs and EREVs. The model has been applied
to 3 scenarios of diﬀerent market penetration of EVS for the year 2025 in the Greater Stuttgart Region. As result of
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the simulation, we obtained temporal demand proﬁles of the energy consumption for charging the EVs over a whole
week, assuming an uncontrolled charging strategy. The simulation results for the trips made by EREVs show that
for 65% up to 70% percent of the total mileage driven the battery-only mode is used. Thus, the results show a great
potential for the reduction in carbon dioxide emissions. This reduction in carbon dioxide emissions, however, can
only be achieved if the electricity used to charge the EVs is produced in a low-carbon manner. A comparison between
the temporal proﬁle of electricity demand for charging EVs and the temporal proﬁle of overall electricity demand
shows that the peaks of the EV charging proﬁle occur at the same time as the evening peaks of the overall electricity
demand proﬁle. As the peaks of the electrical load are covered by peak load power plants, typically fuelled by natural
gas, the energy to charge the EVs would certainly not be produced in a low-carbon manner, clashing with the idea
of using EVs to reduce carbon dioxide emissions. In conclusion, promoting EVs with the idea of reducing carbon
dioxide emissions will only be meaningful if the EVs utilise an intelligent charging strategy, making use of electric
energy only when a surplus of renewable energy is available. This makes BEVs even more unattractive, since any
intelligent charging strategy has the disadvantage of increasing the risk that a vehicle is not fully charged when needed
spontaneously and thus amplifying the problem of limited range. For EREVs, this risk is not severe. In the worst case,
they have to be driven on fossil fuel. In order to maximize their market potential, EREVs should be conﬁgurable,
allowing for cost-optimized and for performance-oriented conﬁgurations.
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